ABSTRACT This study presents a novel active contour model (ACM) driven by weighted global and local region-based signed pressure force (SPF) to segment images in the presence of intensity inhomogeneity and noise. First, an adaptive weighted global region-based SPF (GRSPF) function as the driving centers is designed based on the global image information, which is based on the normalized global intensity to update the weights of the inner and outer regions of the curve during iterations. Second, by introducing the normalized absolute local intensity differences as the weighs of the inner and outer regions, an adaptive weighted local region-based SPF (LRSPF) function is similarly defined. Third, instead of setting a fixed force, a force propagation function is introduced to automatically balance the interior and exterior forces according to the image feature. Meanwhile, by combing the adaptive GWSPF and LWSPF functions, a weighted hybrid region-based SPF function is defined, which can improve the efficiency and accuracy of the proposed model. The experimental results on real images demonstrate that the proposed model is more robust than the popular region-based ACMs for segmenting images with intensity inhomogeneity and noise. The code is available at https://github.com/fangchj2002/WHRSPF. INDEX TERMS Image segmentation, active contour, signed pressure force, intensity inhomogeneity.
I. INTRODUCTION
Image segmentation is an elementary task in the field of image processing and widely applied in image analysis, computer vision, medical imaging, etc. [1] . Its aim is to divide a given image into several object regions where each region is homogeneous with regard to a certain characteristic, i.e. intensity, color, texture [2] . A number of image segmentation algorithms [3] have been designed for different applications. Among these algorithms, active contour model (ACM) [4] - [6] is one of the most effective image segmentation algorithms. Its advantage is that the model can deal with topological changes of contour curves. The evolving contour in the ACM is represented as the zero level set and driven towards object boundaries by minimizing the energy function.
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According to image feature used for the formulation of the energy function, the extensive ACMs can roughly be categorized into two classes: the edge-based ACMs [4] , [5] and the region-based ACMs [7] , [8] . The edge-based ACMs use image gradient to extract the object boundaries. Geodesic active contour (GAC) is one of the most popular edge-based ACMs. Its idea is to incorporate image gradient and geometrically active contour into curve evolution theory to construct an edge stopping function. As described in [9] , they can extract the objects by gradient, but they are difficult to detect the objects from the images with noise and weak boundaries. Therefore, GAC is usually sensitive to weak edges and noise.
Unlike the edge-based ACMs, the region-based ACMs are constructed on the formulation of computing global image region information of the inner and outer regions of the evolving contour. Thus, they can obtain better segmentation performance for images in the presence of weak boundaries than the edge-based ACMs. As a special example, the C-V model proposed by Chan and Vese [6] is one of the most popular region-based ACMs, which is based on MumfordShah (M-S) model [9] . The M-S model utilizes the global intensity difference between the average intensities of the inner and outer regions of the evolving curve to guide the contour moving toward the object boundaries. It can achieve the desired segmentation for homogeneous images. However, it is still a difficult task for the C-V model to effectively segment images with intensity inhomogeneity (abbreviated as InH).
To deal with intensity InH in given images, many improved methods based on the C-V model with local image information have been proposed. Li et al. [10] , [11] put forward a local binary fitting (LBF) model driven by a local fitting energy with a Gaussian kernel function. Instead of computing all pixels in the entire image, the fitted pixel value for each pixel can be effectively calculated as the average intensity of its local neighboring pixels. But the LBF model needs to perform four convolution operations in each iteration, which greatly increases computational cost. Local statistical Mumford-Shah (LS-M-S) model proposed by Brox and Cremers [12] is introduced with the analytical expression of the smooth approximation via Gaussian convolution operation. The energy function is formulated via maximum aposteriori (MAP) estimation of contours, then minimizing the energy function is carried out using the Euler-Lagrange equations of local region statistics. Followed by this idea, Zhang et al. [13] proposed a local image fitting (LIF) model based on Gaussian filtering function with a local fitted image. The LIF model maps the input image domain to another domain using the sliding window method. The local fitted image is used to approximate the input image, and the Gaussian convolution is used to regularize the level set function (LSF). Wang et al. [14] further proposed a novel fitted image called square fitted image (SFI) to approximate the local fitted image. The model takes advantage of two fitted images (SFI and LIF) to construct a local hybrid image fitting (LHIF) energy based on Kullback-Leibler divergence. Then, its energy functional is minimized by gradient descent. Later on, many global and local ACMs are proposed to approximate the real-world images with intensity InH, e. g. local likelihood image fitting (LLIF) energy model [15] , local cosine fitting energy [16] , local pre-fitting energy (LPE) [17] , local C-V models [18] - [20] via Gaussian function. However, these models cannot obtain desired segmentation results for highly noisy and inhomogeneous images.
On the other hand, hybrid active contour models by combining the edge-based and region-based ACMs have been designed in the literature. A variational model [21] with a GAC term and an edge-based term is proposed. In the model, a closed surface in a higher dimensional is represented as a zero LSF, which is embedded into the energy function to balance the average intensities of the interior and exterior regions. Li et al. [22] developed a novel type of level set evolution called distance regularization level set evolution (DRLSE), whose energy function includes a distance regularization term and a data term. The distance regularization term with potential function can smooth the LSF and avoid the zero level curve disappearing, which drives level set evolution toward forward-and-backward (FAB) diffusion. Zhang et al. [23] proposed a novel region-based ACM with Selective Binary and Gaussian Filtering Regularized Level Set (SBGFRLS). The ACM with SBGFRLS uses the global statistical information of the exterior and interior of the evolving curve to construct a region-based signed pressure (SPF) function. The model penalizes level set function to be binary, and then uses a Gaussian filter to regularize it. Base on the Zhang's model, Talu et al. [24] proposed an Online Regionbased Active Contour Model (ORACM). In the ORACM model, the gradient of the level set function is replaced with a user-defined LSF, which can be continually updated during iterations. To smooth the LSF, this model used the opening and closing morphological operations to remove the discontinuous regions. A global and local weighted signed pressure force based active contour (GL-SPF-AC) model [25] is introduced. In the model, an adaptive weighted SPF with a global weighted SPF (GWSPF) and a local weighted SPF (LWSPF) is designed to adjust the effect degrees of the GWSPF and the LWSPF. Hanbay and Talu [26] developed a new level set formulation to improve the segmentation performance of the LSFs by introducing the eigenvalue information of Hessian matrix into the LSF. The above models assumes that the intensity in given image is homogeneous. The global and local ACMs (GL-ACMs) [28] - [30] utilize the global intensity information and the local spatial information to segment the images with intensity InH. In addition, a fixed force in the ACM with SBGFRLS [23] , [24] is unreasonably set since all the given images cannot have the same feature. Therefore, it is still difficult for these models to accurately extract the object regions from images with severe intensity InH and noise.
In light of above analysis, we propose a new active contour driven by Weighted Hybrid Region-based SPF to segment images in the present of intensity InH and noise, called WHSPF. Our main contributions are as follows:
(1) By introducing the normalized global intensity as the coefficients of the inner and outer region of the evolving curve, an adaptively weighted global region-based SPF (GRSPF) function as the driving centers is defined based on the global pixel information, which avoids the difficulty of the parameter settings and improves the ability of handling intensity InH.
(2) Similar to the formulation of the GRSPF function, by introducing the normalized absolute local intensity differences of the inner and outer local regions of the evolving curve, an adaptive weighted local region-based SPF (LRSPF) function is defined.
(3) By combing the weighted GRSPF and LRSPF, a weighted hybrid region-based SPF function is defined. Moreover, instead of using a fixed farce, a force propagation function is introduced based on the global image information of the evolving curve, which can automatically change the force during iteration. VOLUME 7, 2019 
II. PREVIOUS WORKS A. C-V MODEL
The C-V model [6] proposed by Chan and Vese is a piecewise constant model and based on the Mumford-Shah model [9] . Let I (x) : → R be a given gray level image with pixel x, and C : [0, 1] → be a close contour, which divides the image domain into two regions: the internal region C in and the external region C out . The energy functional is written as
where the constants c 1 and c 2 are average intensities of the internal region C in and the external region C out , respectively, λ 1 , λ 2 and µ are three positive constants, and Len(C) denotes the length penalty term.
To minimize the energy functional, the minimization problem of the energy functional can be converted to solving a level set evolution equation. The level set method is defined by the curve C as the zero level set of a Lipschitz function, φ(x), such that:
With the LSF defined in Eq. (2), the energy functional in Eq. (1) can be rewritten as:
where ε is a positive constant, H ε denotes the Heaviside function, δ ε (·) denotes the Dirac delta function, and they are defined as:
The Euler-Lagrange equations are applied to solve the minimization problem with respect to the LSF φ. The gradient descent flow can be obtained using the Dirac delta function δ(φ) with artificial time t, and the level set formulation can be written as:
with c 1 and c 2 equal to
The optimal constants c 1 and c 2 can be far different from the original image with intensity InH.
B. ACM WITH SBGFRLS
Zhang et al. [23] proposed a region-based ACM driven by the signed pressure function to segment images, which has the features of both the GAC model and the C-V model. The model with SBGFRLS uses the average intensities of the inner and outer regions of the evolving curve as the driving center, and computes the difference between the intensity value and the driving center to drive the evolving curve toward the object boundaries. Then, it uses a Gaussian kernel function to smooth the level set function in each iteration. The SPF function is defined as:
where c 1 and c 2 are defined in (6), respectively. In Zhang's model, the edge stopping function is replaced with the SPF function in the GAC model. The evolving equation is written as follows:
where α is a parameter of the speed to control the LSF updating, and |∇φ| is the gradient of the LSF. In the process of implementation, a Gaussian filter is used to smooth the LSF and the regularization term is omitted. So the evolution curve is written as:
From Zhang's model, we can observe that the SPF function mainly depends on the difference between the image intensity and the fitted intensity of the inner and outer regions of the evolution curve. The model assumes that the intensities of the inner and outer regions in given image are homogeneous. However, it is difficult to segment images with complex intensity information, e.g. noise, intensity InH.
III. PROPOSED MODEL
In Zhang's model [23] , the global image information is calculated as the driving center and suitable to segment the homogeneious images. In fact, the foreground and background regions in the real-world images are usually inhomogeneious. Therefore, the fixed constants, such as the weights of the intensity features of the internal and external regions, the updating speed α, are unreasonable. To solve these problems, by introducing the weighted global region-based SPF function and the weighted local region-based SPF function, we proposed a novel active contour model driven by weighted hybrid region-based signed pressure force to effectively segment inhomoge-neious and noisy images. 
A. WEIGHTED GLOBAL REGION-BASED SPF FUNCTION
In this section, we propose a novel formulation which is from the global image information. Different from the Zhang's model, by incorporating two average intensities of the inner and outer regions and the median intensity value of the inner region, we introduce a novel signed pressure force function based on the statistical pixel information to weight the inner and outer driving centers of the evolving curve. The global region-based signed pressure force (GRSPF) function is defined as:
where w g1 and w g2 are two weighted constants and satisfies w g1 +w g2 = 1, c 1 and c 2 are the average intensities inside and outside the regions of the evolving curve defined in Eq. (6), respectively, m is the median intensity value of the inner region. From Eq. (10), it is intuitive that the GRSPF function becomes the SPF function in the ACM with SBGFRLS in [23] when the weight w g2 is set at 0, and it becomes the mean of the median intensity of the inner region and the average intensities of the outer regions when the weight w g1 is set at 0, which can reduce the influence of intensity InH. Three variables are defined as
where I (x) is the input image of the pixel location x in the image domain .
To adaptively update weighted parameters during iteration, two weighted constants are set according to the normalized global intensity, and defined as (12) where S in and S out are the pixel number of the inner region and the outer region of the evolving curve.
The formulation of the GRSPF function in Eq. (10) is explained as follows. Assuming that the intensities of the object and background regions denotes c o and c b (c o > c b ), and C denotes an arbitrary curve in given image. Four cases of the curve stopping positions are shown in Fig. 1 . In Fig. 1(a) , the evolving curve C is completely in the object region, the average intensity of the outer region is larger than that of the background region, and the median intensity of the inner region is equal to that of the inner region, namely m = c o = c 1 and c 2 > c b . The function is rewritten as:
It is intuitive that c 2 < (c o + c b ) 2 < I GSPF = (c 1 + c 2 ) 2 < c 1 , which drives the evolving curve to expand toward the background region. On the contrary, in Fig. 1(b) , the evolving curve contains the object region, the average intensity of the inner region is smaller than that of the object region (c o > c 1 ), and the median intensity of the inner region is no less than that of the outer region (m ≥ c 2 ). Therefore, we have c 2 < I GSPF < (c o + c b ) 2 < c 1 . Intuitively, the force I GSPF drives the evolving curve to shrink toward the object region. In Fig. 1(c) , the situation is similar to Fig. 1(b) , so we don't talk about it. In Fig. 1(d) , the evolving curve is completely in the background region, the average intensity of the inner region is smaller than that of the object region, and the median intensity of the inner region is equal to that of the background region, namely c o > c 1 and m = c b . It is obvious that c 2 < I GSPF = (c 1 + c 2 ) 2 < (c o + c b ) 2 < c 1 , which can drive the evolving curve to move toward the object boundaries.
B. WEIGHTED LOCAL REGION-BASED SPF FUNCTION
Similar to the formulation of the GRSPF function, to deal with image intensity InH, we introduce a weighted local region-based signed pressure force (LRSPF) function by incorporating pixel intensities of the inner and outer regions in local region. The LRSPF function is defined as
where w l1 and w l2 are two normalized absolute local intensity differences of the inner and outer regions, respectively.
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Two variables w l1 and w l2 are defined as follows: (15) where d in and d out are the number of the local absolute differences inside and outside the evolving curve in local region, and computed as:
where f 1 and f 2 are two average intensities of the inner and outer local regions, which is defined as:
where y ∈ x is a spatial point and independent of the center point x, x is a small neighborhood region centered at location x with a (k + 1) × (k + 1) square window, k is a positive integer. Here, W k (x) is represented as a Gaussian function with standard deviation σ and radius k.
As the same to formulation of the GRSPF function, the evolving curve moves toward the object boundaries, which can weight the local inner and outer driving centers and make segmentation performance more accurate.
C. LEVEL SET FORMULATION AND ITS ADVANTAGES
By combining the GRSPF function in Eq. (10) and the GLSPF function in Eq. (14) , the hybrid region-based SPF function (HRSPF) is defined as:
where w g and w l are two weighted variables, which is used to balance the effects of the GRSPF and GLSPF functions. To make the same maximum of the GRSPF and GLSPF functions, the HRSPF function is rewritten as:
where maxspf = max (|spf GR (I (x))| , |spf LR (I (x))|) is the maximum absolute value of the GRSPF and the LRSPF functions.
Unlike the ACM with SBGFRLS [23] with a fixed force α, we use an adaptive force propagation function to control the force of the inner and outer regions of the curve. The force propagation function is defined as:
It is intuitive that the force propagation function can automatically balance the interior and exterior forces of the curve. More precisely, the propagation force increases when the evolving curve is far from the boundaries while the force decreases when the curve is close to the boundaries.
Following the SPF formulation in [23] , the final level set formulation of our model is:
The proposed HRSPF model has the ability to modulate the sign of the pressure forces and implicitly control the propagation of the evolving curve. Or rather, the contour shrinks when it is outside the object of region of interest (ROI) while it expands when it is inside the object of ROI.
Compared with the popular ACMs, our proposed model has the following advantages: 1) Unlike the Zhang's model in Eq. (9), we introduce a force propagation function, which can be automatically tuned during iterations. When the evolving curve approaches the object boundaries during iterations, the value of the force propagation function automatically decreases.
2) Unlike the popular region-based ACM based on the C-V model with nonconvex energy function, the segmentation results are independent of initial curve. The HRSPF function is defined based on the global and local region-based intensity information, which causes the model independent of initial curve.
3) Two strategies are used to improve the robustness to intensity InH and noise. On the other hand, the median value of the inner region of the curve is closer to the pixel value of object boundaries when the images contains severe intensity inhomogeneity and noise. Therefore, one strategy is that the median value of the inner region is used to define the GRSPF function. The other strategy is that a local intensity information of images is used to reduce the effects of intensity InH and noise.
D. DESCRIPTION OF ALGORITHM STEPS
To illustrate the procedure of implementation, the main steps of our model is summarized as:
1. Specify a given image, and initial parameters: weighted constants w g , w l , the maximum number of iterations IterNum, the radius k and standard deviation σ of the local window in Eq. (17).
Initialize the level set function
where ρ is a positive constant, b is a subset of the image domain .
3.
Compute the variables of the GRSPF function: the average intensities of the inner and outer regions using Eq. (6), the median intensity value of the inner region m using Eq. (11), and two adaptive weighted parameters w g1 and w g2 using Eq. (12). 
4.
Compute the variables of the LRSPF function: two average intensities of the local inner and outer regions f 1 and f 2 using Eq. (17), and two adaptive weighted parameters w l1 and w l2 using Eq. (14).
5.
Compute the HRSPF function using Eq. (19) by combining the GRSPF and LRSPF functions using Eqs. (10) and Eq. (14).
6. Update the level set function in Eq. (21) by combing the force propagation function in Eq. (20) .
7. Regularize and smooth the pseudo LSF using the Gaussian filter.
8. Repeat steps 3-7 till the iterations are finished.
IV. EXPERIMENTS AND RESULTS
In this section, we validate the performance of the proposed model on images in the presence of intensity InH and noise. To demonstrate the effectiveness of the proposed model, we compare the proposed model with the popular ACMs, such as the C-V model [6] , the ACM with SBGFRLS [23] , the LBF model [11] , the LIF model [13] , the ORACM [24] without and with morphological operations, the ACM with Hessian matrix (ACM-HM) [25] , the global and local weighted SPF (GLW-SPF) [26] . The codes of the C-V and ORACM models can be downloaded from the url: https://ww2.mathworks.cn/matlabcentral/fileexchange/ 49034-oracm-online-region-ased-active-contour-model. The code of the ACM with SBGFRLS and the LIF model can be download from the url: http://www.kaihuazhang.net/. The code of the proposed model is available at the website: https://github.com/fangchj2002/WHRSPF. All of the ACM-based models are processed using a 3.2-GHz Intel 4-core PC computer with 3 GB of memory using the Matlab programming language. If no otherwise specif, the parameters in the proposed model are fixed as follows: the weighted constants w g = w l = 0.5, the Gaussian function with standard deviation σ = 1.5 and radius k = 5, and the maximal iteration number IterNum = 40. 
A. SEGMENTATION RESULTS ON REAL IMAGES
The first experiment is used to validate the efficiency of the proposed model compared with the ACM with SBGFRLS. The ACM with SBGFRLS with the force α = 25 segments the image into two regions, and the segmentation results are shown in Fig. 2(a) . It is intuitive that the evolving curves stops the object boundaries after 40 iteration. Fig. 2(b) shows the segmentation results of the HRSPF model for the same image with the same initial curve. We can find that the evolving curve in our HRSPF model arrives at the object boundaries after only eight iterations. By using the level set formulation in Eq. (19) with the force propagation function, our model converges faster than the ACM with SBGFRLS.
The following experiments will examine the effects of the weighted GRSPF model and the LRSPF model, respectively. The level set formulation of the GRSPF and LRSPF models are written as: Fig. 3 demonstrates the segmentation results on two medical images using the GRSPF model, the LRSPF model and the HRSPF model, respectively. Three models with the same initial curves are shown in the 1 st column. From the 2 nd column to 4 th column, the finial stopping positions of the evolving curves corresponds to the GRSPF model, the LRSPF model, and the HRSPF model, respectively. As can be seen in Fig. 3 , it is obvious that the GRSPF model can extract more detailed information than the LRSPF model. More precisely, the GRSPF model can extract more detailed object regions while the LRSPF model detects some large regions. By incorporating the GRSPF and the LRSPF model, the proposed model can accurately detect object boundaries.
B. ROBUSTNESS TO NOISY IMAGES
The aim of the experiment was to testify the robustness of the proposed model to segment images in the presence of noise. We compare the proposed model with the popular ACMs on different level noisy images including Gaussian noise, salt and pepper noise and speckle. Generally speaking, the realworld images are made up of the clean images corrupted by one or more types of the above noise. Fig. 4 shows the segmentation results with three different types of noise. In the 1 st row of Fig. 4 , four images denotes the clean image, the clean image corrupted by Gaussian noise with zero mean and the variances of 0.05, pepper noise with densities of 0.03, random speckle noise with zero mean and the variances of 0.05, respectively. Therefore, accurately extracting the desired objects from these images with severe noise is a challenging task. From the 2 nd row to the 7 th row, the final stopping boundaries are shown using the C-V model, the ACM with SBGFRLS [23] , the ORACM without morphological operations (ORACM NMO), the ORACM with morphological operations (ORACM WMO), the ACM-HM, and the proposed model, respectively. It is noted that only the proposed model can exactly extract all of the objects in four images. The C-V model has the worst results since its nonconvex energy function makes the segmentation results stuck in local minima. These models except for the C-V model can accurately detect the objects from the clean image. The ACM with SBGFRLS fails to segment the noisy images since it assumes that the given image is homogeneous, and the ORACM without and with morphological operations cannot both accurately extract the objects from two noisy images. Remarkably, the ACM-HM can decrease the effect of the noise while it can only extract the brightest regions due to its use of a second order derivative. In short, our model can achieve better segmentation performance for real images with different types of noise.
C. ROBUSTNESS TO INITIAL CURVES
The next experiment validates whether the segmentation results are sensitive to the initial curves or not. Fig.5 demonstrates the segmentation results on the same medical image with different initial shapes using the proposed model. In the 1 st column, four initial curves with different positions are shown corresponding to a large rectangle, a small rectangle, a pentagon, and a triangle, respectively. From the 2 nd column to the 4 th column, the stopping positions of the curves during 5, 10, and 15 iterations, respectively, are shown. The final stopping positions are shown in the 5 th column. As can be seen from the results, the objects can be partitioned into similarly segmented regions with different initial curves. From the above results, it is obvious that the proposed algorithm can achieve desired segmentation. In a word, the proposed model is independent of initial curves.
D. COMPARISION WITH THE POPULAR ACMS
To quantitatively evaluate the ACMs, we use region entropy [27] to measure performance without ground truth. The region entropy is defined as:
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Here, E l (I ) and E r (I ) are defined as follows:
where S i /S l is the probability of a pixel belong to region R i , and L i (m) is the number of pixels in region R i which has value k of a luminance.
To further validate the robustness of the proposed model, the following experiments is performed on the biomedical images from the biomedical database available at url: http://decsai.ugr.es/cvg/dbimagenes/gbio256.php. Compared with the popular ACMs, the segmentation results of the proposed model on images with different intensity characteristics is shown in Figs. 6-7 . To verify the robustness to noise, the images in Figs. 8-9 are corrupted by Gaussian noise with mean 0 and variance 0.05, and Gaussian noise with mean 0 and variance 0.005, followed by salt and pepper noise with a density of 0.05. Therefore, it is accurately a challenging task to extract the desired objects from the images with severe inhomogeneity and noise.
As can been seen from Figs. 6-9, the proposed model can accurately extract the objects from four biomedical images. To quantitatively present the segmentation performance, comparative results in terms of average running time and region entropy are shown in Tables 1-2. In terms of accuracy from these figures and Table. 1, it is intuitive that the C-V model and the ORACM-NMO model have too many small regions since they assume that the object region is homogeneous and ignores the intensity differences of the local regions. In addition, the ACM with SBGFRLS based on the global image information cannot extract the objects from complex noisy image. The ORACM-WMO model can obtain better results than the ORACM-NMO, LBF, LIF, ACM-HM, and GLW-SPF models because the morphological operations can reduce effects of noise during iteration. However, the ORACM-WMO model perhaps appears small regions where the pixel number is larger than the threshold. The ACM-HM integrates the eigenvalue information of Hessian matrix into the level set function, whose second order derivative is sensitive to noise and cannot accurately extract the objects from the noisy images shown in Fig. 8(e) and Fig. 9(e) . In terms of segmentation accuracy from Table. 1, only the proposed model can extract all the objects in Figs. 6-9.
E. COMPUTATIONAL COMPLEXITY
In the following, we discuss the computational complexity of the proposed model. Assuming the number of pixels in the segmented image is N , the size of the local window radius is k, which is usually negligible since k << N . From Eq. 
It is also seen that the C-V model, the LBF model, and the LIF model take the more running time than other models. And the propose model takes minimum executing time while our model takes the least average time since the fixed iterations are set.
V. CONCLUSION
This paper introduces a novel active contour model driven by weighted hybrid region-based SPF to segment images in the present of intensity inhomogeneity and noise. Different from the ACM with SBGFRLS, the weighted hybrid regionbased SPF function consists of an adaptive GRSPF function and an adaptive LRSPF function, and a force propagation function based on the global image information is introduced. By incorporating the global and local image information, the proposed model can accurately detect the object region from images with intensity InH and noise. Experimental results on real images demonstrate that the superiorities of the proposed model in terms of average running time and segmentation accuracy compared with the C-V model, ACM with SBGFRLS, the LBF model, ACM-HM, the ORACM-NMO model, and the ORACM-WMO model.
It is noted that our model is only applied to two-phase image segmentation. In the future, we will extend it to multi-phase image segmentation. In addition, the proposed model cannot segment 3D images directly. Therefore, another extension of our work is study 3D image segmentation. 
